This study gives a quantitative structure-activity relationship (QSAR) analysis of toxicity of phenols and thiophenols to Photobacterium phosphoreum, which is an important indicator for water quality. The chemical structures of 51 phenols and thiophenols have been characterized by electronic and physic-chemical descriptors. The present study was performed using principal components analysis (PCA), multiple regression analysis (MLR) and artificial neural network (ANN). The quantitative model was accordingly proposed and the toxicity of the compounds was interpreted based on the multivariate statistical analysis.
Introduction
Nowadays, the chemical industry plays a major role in our life, this role is related to the nature of the used chemical compounds. There are several varieties of chemicals which are classified as dangerous (toxic), and they have a serious impact on human health and environment. Among these compounds we find phenols and thiophenols that are considered the nearly omnipresent pollutants in all aquatic and terrestrial ecosystems, particularly in wastewater, because of their toxicity and persistence in the environment. Photobacterium phosphoreum is a type of luminescent bacterium present in seawater; its luminous intensity changes with toxic substance inhibition of growth (i.e., cell density), which makes it a good indicator for compound toxicity and water quality [1] .
To evaluate the environmental risk, the European legislation on chemicals (existing substances, new substances, biocides) imposes a chemical risk assessment to ensure the protection of human health and environment. Accordingly, we understand that there is an urgent and serious need to treat these chemical compounds with great care and accuracy, this can only be done after having developed a way to study and to calculate accurately the physico-chemical properties that have an influence on the environment. Therefore, trying to predict the toxic potential remains problematic [2] . Moreover for economic reasons, researchers work for developing methods to predict toxicity which can be less time consuming more economic and easy. One of the chief alternatives to testing for toxicity is the use of a quantitative structure-biological activity/property relationship [3] [4] [5] , which consists of mathematically derived rules that quantitatively describe activity and property in terms of molecular attributes, i.e. descriptors of chemical structures by utilizing computer-based technology [6] .
Quantitative structure-activity relationship (QSAR) modeling is a powerful approach used for studying the phenol and thiophenol toxicity governed by molecular structures [1, [7] [8] [9] . Particularly, an acceptable QSAR model has the advantages of increased speed and lower costs than those of the experimental tests for the evaluation of chemical toxicity. For the development of QSAR models, P. phosphoreum has been largely used recently [7] .
The objective of this study is to predict QSAR models of toxicity of phenols and thiophenols to P. phosphoreum using several statistical tools, such as principal components analysis (PCA), multiple linear regression (MLR), and artificial neural network (ANN) calculations. To test the performance and the stability of this model, we opted for a validation method.
Material and methods

Data sources
In the present QSAR study, a total of 51 phenols and thiophenols toxicity in terms of pEC50 (mol L −1 ) were collected from the literature [1, 7] , where EC50 refers to the effective concentration of the compound causing 50% bioluminescence inhibition. The list of compounds and their toxicity values are shown in Table 1 . For the correct validation of our data set with a QSAR model, the 51 compounds data were divided into training and test sets. A total of 38 molecules were placed in the training set to build the QSAR models, whereas the remaining 13 molecules composed the test set. The division was performed by random selection.
Molecular descriptors
Currently, there are a large number of molecular descriptors that can be used in QSAR studies. Once validated, the findings can be used to predict the activity of untested compounds. The computation of electronic descriptors was performed using the Gaussian 03 W package [10] . The geometries of phenols and thiophenols were optimized with the DFT method with the B3LYP functional and 6-31G (d) base set. Then, several related structural parameters were selected from the results of quantum computation as follows: highest occupied molecular orbital energy (EHOMO), lowest unoccupied molecular orbital energy (ELUMO), dipole moment (DM), total energy (ET), absolute hardness (η), absolute electronegativity (χ) and reactivity index (ω) [11] . The η, χ and ω were determined using the following equations:
ACD/ChemSketch program [12] was used to calculate the physic-chemical descriptors as follows: Molar Volume (MV), Molecular Weight (MW), Molar Refractivity (MR), Parachor (Pc), Refractive Index (n) and Surface Tension (γ). In order to improve the estimate quality for these compounds, molecular descriptor which reflect other specific interactions should be also included as octanol/water partition coefficient (log P).
Statistical analysis
The quantitative structure-activity relationship (QSAR) study is a statistical approach to establish empirical models that relate the biological activity of compounds to their chemical structures. In this QSAR study, quantitative descriptors are used to explain the chemical structure and analysis results in a mathematical model describing the relationship between the chemical structure and biological activity. To explain the structure-activity relationship, these 14 descriptors are calculated for the 51 molecules using the Gaussian03W and ChemSketch programs.
The quantitative descriptors of phenols and thiophenols were studied using statistical methods based on principal component analysis (PCA) [13] with the software XLSTAT version 2013 [14] . PCA is a useful statistical technique aims to resume the maximum of information encoded in the compounds structures. It is also helpful for understanding the distribution of the compounds [15] . This is an essentially descriptive statistical method that aims to present, in graphic form, the maximum information contained in the data, as shown in Tables 1 and 2 . Multiple linear regression (MLR) analysis with backward elimination of variables was used to model the structure-activity relationship. It is a mathematical technique that minimizes the difference between the actual and predicted values. Additionally, it selects the descriptors used as the input parameters in the artificial neural network (ANN).
MLR was generated using the software XLSTAT version 2013. To predict the pEC 50 , model's quality was justified by the determination coefficient (R 2 ), the mean squared error (MSE), Fisher's criterion (F) and the significance level (P).
The ANN analysis was performed using the Matlab software version 2009a Neural Fitting tool (nftool) toolbox on a data set of compounds [16] . A number of individual models of ANN were designed, built and trained. Three components constitute a neural network: the processing elements or nodes, the topology of the connections between the nodes, and the learning rule by which new information is encoded in the network. Although there many different ANN models, the most frequently used type of ANN in QSAR is the three-layered feed forward network [17] . In this type of network, the neurons are arranged in layers as an input layer, one hidden layer and an output layer. Each neuron in any layer is fully connected with the neurons of a succeeding layer and no connections are between neurons belonging to the same layer.
According to the supervised learning adopted here, the networks are taught by providing examples of input patterns and the corresponding target outputs. Through an iterative process, the connection weights are modified until the network gives the desired results for the training set of data. A backpropagation algorithm is used to minimize the error function. This algorithm was described previously with a simple example of an application [18] , and the details of this algorithm are provided elsewhere [19] .
Testing the stability, predictive capacity and generalization ability of the models are very important steps in a QSAR study. For the validation of the predictive capacity of a QSAR model, two basic principles, internal validation and external validation are available. Crossvalidation is one of among popular methods that are performed for internal validation. In this study, the internal predictive capability of the model was evaluated using leave-one-out cross-validation (R 2 cv ). A good R 2 cv often indicates good robustness and the high internal predictive capacity of a QSAR model. However, recent studies [20] indicate that there is no evident correlation between the value of R 2 cv and the actual predictive capacity of a QSAR model, suggesting that the R 2 cv remains inadequate as a reliable estimate of the model's predictive capacity for all new chemicals. To determine both the generalizability of QSAR models for new chemicals and the true predictive capacity of the models, statistical external validation is applied during the model development step by properly using a prediction set for validation.
To further refine the predictive ability of the developed QSAR models, another group of metrics, r 2 m metrics, determining the proximity between the observed and predicted activity was introduced by Roy and Roy [21] . The r 2 m metrics are calculated based on the correlation of the observed and predicted response data. Presently two different variants of this parameter, r m 2 and r 2 m , are calculated for both the training (internal validation) and test (external validation) set. For an acceptable QSAR model, the value of r m 2 should be >0.5 and r 2 m should be <0.2.
Results and discussion
Data set for analysis
A QSAR study was performed of 51 phenols and thiophenols to P. phosphoreum as reported previously [1, 7] , to determine a quantitative relationship between the structure and toxicity. The values of the 14 descriptors are shown in Table 2 .
Principal component analysis
The total of the 14 descriptors coding the 51 molecules was submitted to principal components analysis (PCA) [22] . The first three principal axes are sufficient to describe the information provided by the data matrix. Indeed, the percentages of the variance are 38.83%, 28.29% and 12.20% for the axis F1, F2 and F3, respectively. The total information is estimated as 79.32%.
The principal component analysis (PCA) [23] was conducted to relate between the different variables. The correlations between the fifteen descriptors are shown in Table 3 .
The obtained matrix provides information on the high or low interrelationship between the variables. In general, good co-linearity (r > 0.5) was observed between most of the variables. A high interrelationship was observed between ELUMO and ω (r = −0.982) and a low interrelationship was observed between EHOMO and MV (r = −0.00015). Additionally, to decrease the redundancy existing in our data matrix, the descriptors that are highly correlated (R ≥ 0.9), were excluded.
Multiple linear regressions MLR
Many attempts have been made to develop a relationship with the indicator variable of toxicity pEC50, but the best relationship obtained using this method is Table 3 Correlation matrix between different obtained descriptors. The bold values mean the interrelationship between discreptors i.e (great value, in absolute value, means a highest correlation between two discreptors) and (small value, in absolue value, means a lowest correlation between two discreptors).
only one corresponding to the linear combination of several descriptors selected, the dipole moment (DM), the octanol/water partition coefficient (log P), the Molar Volume (MV), and the Refractive Index (n). The resulting equation is: In the equation, N is the number of compounds, R 2 is the determination coefficient, MSE is the mean squared error, F is the fisher's criterion and P is the significance level.
A higher correlation coefficient and lower mean squared error indicate that the model is more reliable. A P that is smaller than 0.05 shows that the regression equation is statistically significant. The QSAR model expressed by Eq. (1) is cross validated by its noticeable R 2 cv value (R 2 cv = 0.677) obtained by the leave-one-out (LOO) method. A value of R 2 cv is greater than 0.5 is the essential condition for qualifying a QSAR model as valid [20] . Additionally, metrics values (r m 2 and r 2 m ) indicate that QSAR model is acceptable. The correlation coefficients between variables in the model were calculated by variance inflation factor (VIF) as shown in Table 4 . The VIF was defined as 1/(1 − R 2 ), where R was the multiple correlation coefficients for one independent variable against all the other descriptors in the model. Models with a VIF greater than 5 were unstable and were eliminated, models with a VIF values between 1 and 4 means the models can be accepted. As can be seen from Table 4 , the VIF values of the three descriptors are all smaller than 5.0, indicating that there is no collinearity among the selected descriptors and the resulting model has good stability. The elaborated QSAR model reveals that the toxicity against P. phosphoreum may be explained by a number of electronic and physic-chemical factors. The positive correlation of the dipole moment (DM) and the physicchemical descriptors (Log P, MV and n) with the toxicity pEC50 shows that an increase in the values of these factors indicates an increase in the value of the pEC50.
The correlation of the predicted and observed toxicity and the residual graph of absolute numbers are illustrated in Fig. 1 . The descriptors proposed in Eq. (1) by MLR are, therefore, used as the input parameters in the artificial neural network (ANN).
Artificial neural networks (ANN)
In order to increase the probability of good characterization of studied compounds, neural networks (ANN) can generate predictive model of the quantitative structure-activity relationship (QSAR) between descriptors obtained from the MLR and observed toxicity. The ANN calculated toxicity model was developed using the properties of several studied compounds. The correlation of the predicted and observed toxicity and the residual graph of the absolute numbers are illustrated in Fig. 2 . 
External validation
To estimate the predictive ability of the MLR and ANN models, we have to use a set of compounds that were not used as the training set to establish the QSAR model. The models established in the computation process using the 38 substituted phenols and thiophenols are used to predict the toxicity of the rest 13 compounds. The main performance parameters of the two models are shown in Table 5 . As seen from this table, for the studied series of compounds, the statistical parameters of the ANN model are better than the MLR model.
We assessed the best linear QSAR regression equation established in this study. Based on this result, a comparison of the quality of the MLR model shows that the ANN model has a significantly better predictive capability because the ANN approach yields better results than the MLR in the present study.
Domain of applicability
To evaluate the reliability of any QSAR model and its power to predict new compounds, the domain of applicability must be essentially defined. The predicted compounds that fall within this domain may be regarded as reliable. The applicability domain was discussed with the Williams graph Fig. 3 , in which the standardized residuals and the leverage values (h i ) are plotted. It is based on the calculation of the leverage h i for each compound, for which QSAR model is used to predict its activity:
where x i is the row vector of the descriptors of compound i and X is the variable matrix deduced from the training set variable values. The index T refers to the matrix/vector transposed. The critical leverage h * is, generally, fixed at 3(k + 1)/N, where N is the number of training compounds, and k is the number of model parameters. If the leverage value h of a compound is higher than the critical value (h * ) i.e., h > h * , the prediction of the compound can be considered as not reliable. The Williams plot for the presented MLR model is shown in Fig. 3 . From this plot, the leverage values (h i ) of any compound in the training and test sets are less than the critical value (h * = 0.39) excepting the compounds 3 and 12 as outliers. Also, the standardized residuals of all compounds in the training and test sets are less than three standard deviation units (±3σ). Therefore, the predicted toxicity by the developed MLR model is reliable.
Conclusion
In this study, we investigated the QSAR regression to predict the toxicity of substituted phenols and thiophenols to P. phosphoreum.
The study of the robustness of the two models constructed in the study has good stability and great predictive power. Moreover, compared to the MLR model, the ANN model is better and is an effective tool to predict the toxicity of the substituted phenols and thiophenols. Furthermore, using ANN approach, we established a relationship between several descriptors and the pEC50 values of several organic compounds based on the substituted phenols and thiophenols in a satisfactory manner.
The accuracy and predictability of the proposed models were illustrated by comparing key statistical indicators, such as the R or R 2 of different models obtained using different statistical tools and different descriptors, as shown in Table 6 .
Finally, we conclude that the studied descriptors, which are sufficiently rich in chemical, electronic and physic-chemical information to encode the structural features, may be used with other descriptors for the development of predictive QSAR models.
